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Abstract 
In the present study, Positive Matrix Factorization (PMF) is used as a tool for the source apportionment of trace elements in 
atmospheric particles. Samples were collected at sub-urban and industrialized sites located in the northern region of the Great 
Lisbon. A set of 16 elements determined by Instrumental Neutron Activation Analysis (INAA) was considered for PMF analysis. 
Results show the contribution of soil, sea, industry, vehicular exhaust, vehicular wear and road paved dust. Results state the 
importance of different emission sources associated to roadways, but in most cases the model could not distinguish between 
different industrial sources. 
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1. Introduction 
Air quality management strategies must consider the relative contribution of different sources of air pollution, 
namely natural and anthropogenic sources. The northern region of the Great Lisbon is influenced by the emissions 
of several industries, roadways, sea and occasionally desert dust [1,2]. Source contribution may be assessed by 
means of multivariate receptor modeling. In the studied region, source apportionment has already been conducted by 
using Principal Components Analysis – PCA [1] and Monte Carlo Target Transformation Factor Analysis – 
MCTTFA [2].  
In the PCA study [1] 27 species measured during 2001 were considered both in PM2.5 and PM2.5–10. Determined 
species included water-soluble ions (Cl-, NO3-, SO42-, K+, Na+, Ca2+, Mg2+ and NH4+) and trace elements (Al, As, Br, 
Co, Cu, Fe, Hg, La, Mn, Ni, Pb, Sb, Sc, Se, Si, Sm, Ti, V and Zn) measured by Instrumental Neutron Activation 
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Analysis (INAA) and Particle Induced X-Ray Emission (PIXE). Six factors were identified both in PM2.5 and PM2.5–
10 and included soil, sea, fuel oil combustion, one mixed factor coupled to industry and vehicle wear, one industrial 
factor related to Se/Hg and secondary formation of particles. The secondary factor was identified by some water-
soluble ions (SO42-, NH4+ and NO3-). An additional vehicle exhaust factor was identified in fine fraction only.  
The MCTTFA study [2] considered 18 trace elements (As, Ba, Br, Ca, Ce, Co, Cr, Cs, Fe, Hf, K, La, Na, Sb, Sc, 
Se, Sm and Zn) measured by INAA in PM2.5 and PM2.5–10 between 1999 and 2002. Five factors were identified both 
in PM2.5 and PM2.5–10 and included one soil factor related to Sc, Ce and La, one soil factor linked to Sm, sea, 
metallurgic industry and one industrial factor associated to Se. PM2.5 results allowed the further identification of four 
factors: vehicle exhaust, one unidentified source of Cs, vehicle wear and one industrial factor associated to cement 
production. In PM2.5–10 the emissions of vehicle wear and industry (coal combustion, cement production and waste 
incineration) were found to be combined in a single factor. Additionally one unidentified source of Ba was detected 
by means of the coarse fraction results. 
Positive Matrix Factorization (PMF) is another possible tool for the source apportionment of trace elements in 
atmospheric particles. The main PMF feature is the handling of missing and below detection limits data by adjusting 
the corresponding error estimates of these data points. This feature is especially important for results obtained by 
INAA, where a considerable number of missing values may occur (see Elemental analysis). This study is one of the 
first attempts to apply PMF to the northern region of the Great Lisbon.  
2. Materials and Methods 
2.1. Site description 
Between 1999 and 2002, particulate matter (PM) was sampled in Bobadela, a suburban and industrial area in the 
outskirts of Lisbon (latitude 38º48’50”N, longitude 9º05’29”W and altitude 15 m a.s.l.). The sampling station was 
located 10 km northeast from the urban centre of Lisbon, being surrounded by high density traffic roads (1 km from 
a motorway and 10 m from a main road) and by industrial activities, including an urban waste incinerator (3 km), a 
fuel oil power station (30 km), a cement factory (20 km) and several chemical, food and glass factories. Bobadela is 
located on the right side of the Tagus Estuary valley, approximately 20 km from the Atlantic Ocean. 
2.2. Description of the sampling equipment 
Samples were collected once or twice a week for periods of 24 hours. Sampling was performed by using a low 
volume sampler (Gent PM10 sampler) which was equipped with a stacked filter unit (SFU) carrying in two 
sequential stages, 47mm Nuclepore polycarbonate filters, with 8 and 0.4 mm pore size. The SFU acts as 
dichotomous sampler. A pre-impactor stage was put upstream of the coarse filter. The air was sampled at a rate of 
15–16 l min-1, which allowed the collection of coarse particles with aerodynamic diameters (AD) between 10 and 
2.5 μm, in the first stage, and fine particles with AD < 2.5 μm in the second stage [3].  
2.3. Elemental analysis 
The exposed filters were analyzed by Instrumental Neutron Activation Analysis – INAA [4] with the k0 
methodology [5]. During the measurement by INAA, trace elements are irradiated and converted into radioactive 
nuclides that will suffer a decay process and emit gamma radiation. Identification and quantification of trace 
elements is based in the analysis of the recorded gamma-ray emission spectra. Prior to the sampling campaign, tests 
of reproducibility within the filters and between filters were taken, using parallel sampling with two similar 
sampling units and measuring the particle species. Results were reproducible within 5–15%, providing strong 
support for the validity of the analytical techniques. The details of sampling and analytical control tests are given in 
references [6] and [7]. The accuracy of analytical methods was evaluated with NIST filter standards, revealing 
results with an agreement of ±10% [8]. Blank Nuclepore filters were treated the same way as regular samples. All 
measured species were very homogeneously distributed; therefore concentrations were corrected by subtracting the 
filter blank contents.  
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2.4. Data analysis 
Positive Matrix Factorization (PMF) is a multivariate receptor model that uses an inversely-weighted least 
squares methodology, and an iterative re-weighing algorithm, to provide non-negative matrices of contributions (G) 
and profiles (F) [9,10]. The inputs of the model are a matrix of concentrations (X) and a matrix of uncertainties (S). 
The aim of the algorithm is the minimize values in the matrix of residuals (E) of the following expression: 
X = GF + E  Eq. 3.1 
PMF can handle missing and below detection limit data by adjusting the corresponding error estimates of these 
data points. Percentages of below detection limit values as high as 90% have been successfully resolved (e.g.: [11]), 
though it has been suggested that species with more than 75% of data below detection limit should only be taken if 
they have a useful signal [12]. Huang et al. [13] suggested that after excluding “weak” elements, only those with less 
than 20% of missing values should be used. Almeida et al. [1] retained only species having less than 20% of missing 
values, both in fine and coarse fractions, for Principal Component Analysis (PCA). In this study, trace elements 
showing more than 30% of missing values have been excluded from PMF analysis. Mercury had less than 30% 
missing values, but it was also excluded due to its high volatility [12]. In the fine fraction, a total of 314 samples (n) 
and 13 species (m) were selected for PMF analysis. For the coarse fraction, a total of 312 samples (n) and 14 species 
(m) were considered. PMF analysis was conducted by using PMF2, version 4.2. 
The matrices of concentrations and uncertainties were built according to reference [14]: for determined values 
concentration stands as it is and uncertainty stands as it is plus one third of the detection limit; for values below 
detection limit concentration is half of the detection limit and uncertainty is half of the average detection limit plus 
one third of the detection limit; for missing values concentration is the geometric mean of the determined values of 
concentration and uncertainty is four times the geometric mean of the determined values of concentration. On a 
second and ultimate trial values below detection limit were treated as missing values. 
As a first approach, species showing a signal to noise ratio (S/N) between 0.2 and 2 were downweighted by a 
factor of 3 [15]. None of the selected species exhibited a S/N<0.2. Signal to noise was computed by using the 
following expression [16]: 
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The optimal number of factors (p) was achieved based on [17,18]: the closeness of QRobust to QTheoretical (Į = 4); the 
absence of local minima; the maximum value in the rotational matrix (rotmat); the maximum individual column 
mean of the scaled residual matrix (IM); the maximum individual column standard deviation of the scaled residual 
matrix (IS); the majority of scaled residuals between -2 and 2; the absence or a reduced number of non-explained 
species (non-explained variation: NEV  0.25); the physical significance of the solution found.  
QTheoretical was computed as [19]: QTheoretical=(n–p)×(m–p). For each examined p value, local minima were looked 
after by raising the number of repetitions and performing 20 runs. Uncertainties were also corrected by trial and 
error before achieving the final solution attending to the information provided by the range of scaled residuals, the 
presence of non-explained species and the physical significance of the solution found [18].  
3. Results and Discussion 
Table 1 presents a synthesis of concentrations of selected trace elements measured in PM2.5 and PM2.5-10. Missing 
values and downweight factors for the correction of uncertainties based on S/N are also shown in Table 1. 
Arithmetic means and standard deviations of concentrations were computed excluding missing values. On average, 
the most abundant elements detected were: Na, K, Fe, Zn and Cr in PM2.5, and Na, Fe, K, Zn and Cr in PM2.5-10.  
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Trace elements showing more than 30 % of missing values were excluded. Except As and Se, missing values 
reported in Table 1 result from the quick decay of short-lived nuclides, which may show a poor activation state by 
the time of the measurement of the gamma-ray emission spectra (See Elemental analysis). According to Huang et al. 
[13], for INAA data mean substitution is the only method for replacing missing values. Results obtained using both 
approaches were compared and the smallest values for residuals and QRobust were found to occur by using mean 
substitution. Therefore the results presented here are from the substitution of values below detection limit by the 
geometric mean of the determined values of concentration.  
 
 
Table 1 – Concentrations and corrections of error estimates for chemical elements in particulate matter collected at 
Bobadela. 
PM2.5 PM2.5-10
Concentration  
(ng.m-3) 
Concentration  
(ng.m-3) Species
Arithmetic 
mean 
Standard 
deviation 
Missing 
values  
(%) 
Signal 
to 
noise 
ratio 
(S/N)
Downweight 
factor Arithmetic 
mean 
Standard 
deviation
Missing 
values 
(%) 
Signal 
to 
noise 
ratio 
(S/N)
Downweight 
factor 
As 0.41 0.51 6.4* 1.25 3 0.18 0.22 27* 0.49 3 
Br 5.0 14 18 1.34 3 5.7 37 20 4.60 1 
Ce 0.26 0.41 38 --- --- 0.47 0.59 17 0.63 3 
Co 0.095 0.10 5.8 1.03 3 0.12 0.18 6.4 1.32 3 
Cr 11 16 29 0.74 3 9.3 13 41 --- --- 
Fe 140 170 1.9 1.73 3 290 300 0 9.22 1 
Hf 0.027 0.035 54 --- --- 0.04 0.034 29 0.35 3 
K 150 120 0.96 1.66 3 170 150 2.2 1.25 3 
La 0.078 0.11 2.2 1.93 3 0.17 0.22 2.2 1.85 3 
Na 370 330 0 2.90 1 1.10E+03 1.00E+03 0.64 3.05 1 
Sb 1.9 5.3 0 7.97 1 1.9 12 0 32.52 1 
Sc 0.015 0.042 7.7 2.63 1 0.045 0.071 1.3 2.96 1 
Se 1.7 13 5.8* 11.10 1 0.67 2.9 47* --- --- 
Sm 0.015 0.055 9.3 3.42 1 0.035 0.11 6.1 3.15 1 
Th 0.033 0.061 58 --- --- 0.058 0.073 25 0.50 3 
Zn 49 62 1.6 2.23 1 43 51 3.5 1.86 3 
Arithmetic means and standard deviations of concentrations have been computed excluding missing values. Missing values 
marked with an asterisk (*) of arsenic and selenium are data below detection limit. Missing values in boldface are over 30% and 
such species were excluded from PMF analysis. 
3.1. Fine fraction 
For a SEED of 2 and a FPEAK of 0, the highest p value showing QRobust > QTheoretical was found to be 10. 
According to the graphical analysis of IM and QRobust / QTheoretical the optimal p value should occur between 5 and 10. 
The graphical analysis of Rotmat and IS was not found to be useful to assess p values for this set of samples and 
species. After correction of uncertainties by trial and error, the final number of factors (p) was 7 (SEED=1; 
FPEAK=0.4). In 20 repeated runs no local minima were detected for this p value. Factor profiles are shown in 
Figure 1. The Explained Variation (EV), a dimensionless quantity ranging from 0 to 1 that summarizes how 
important each factor is to explain species concentrations, is also shown in Figure 1. 
Before the correction of uncertainties, four elements (Br, Co, Cr and Sm) remained unexplained in the 7 factors 
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solution (non-explained variation higher than 0.25). The introduction of one or more factors increases the number of 
explained species [18] and therefore rising p to 8 causes Br and Cr to become explained and raising to 9 enables the 
explanation of Sm. Co remains unexplained in the solutions with p equal to 9 and 10. However, raising the number 
of factor reduces the number of the residuals, but may produce not “interpretable” factors [13]. Therefore, the best 
solution is not necessarily the one showing the best fit.  
 
 
DĂƐƐ ĂƉƉŽƌƚŝŽŶĞĚ ƚŽ ƚŚĞ ĨĂĐƚŽƌ ǆƉůĂŝŶĞĚsĂƌŝĂƚŝŽŶ
Figure 1 – Factor profiles of the fine fraction of particulate matter collected at Bobadela. 
Uncertainties of samples showing outliers of Br, Co, Cr and Sm in the 7 factors solution were increased. This 
procedure allowed the explanation of Br, Cr and Sm, but caused Se to become unexplained. This solution was 
graphically analyzed for linear dependence between factor contributions, usually called rotational ambiguity [12,18]. 
G-Space plots showed that the factor responsible for the explanation of K could exhibit linear dependence from 
three other factors. Rotating the solution by changing FPEAK factor could not eliminate such linear dependence. K 
was downweighted by a factor of 5 and this procedure promoted the merging of two factors, the extinction of linear 
dependence and the appearance of a factor explaining Se. In this final solution Co remained the single non-explained 
species. Cobalt exhibited a non-explained variation of about 0.3 in all the simulations. 
The comparison to PCA [1] and MCTTFA [2] results is limited because the present study does not consider, 
water-soluble ions and trace elements measured by PIXE (e. g.: Pb, Ni), as well as Hg, Ca, Cs and Ba. PMF resolved 
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the same number of factors as PCA and two less than MCTTFA, which resolved two soil factors. 
Factor 1 shows a high dominance of K and Fe and explains a large fraction of the K variation. This factor is the 
main responsible for explaining the variation of As and explains a large fraction of the Co variation. This is most 
likely a vehicle exhaust factor. Samara et al. [20], in fact, reported Fe and K as prevailing elements in catalyst auto 
exhaust and Fe, K, Zn and Co as dominating elements in Diesel exhaust profile. Rare earth elements (REEs) have 
also been associated to catalyst vehicles but they are emitted in minor concentrations [13]. The emission of As by 
vehicles was reported by Samara et al. [20]. In the previous PCA study at the same location [1] a factor related to As 
and K+ was also related to NO3- and was found to be a vehicle exhaust factor. A similar profile was detected in the 
MCTTFA study [2]. 
Factor 2 is related to Se and K, and explains the variation of Se. A similar factor was also detected by PCA [1] 
and MCTTFA [2], and was associated to an unidentified local industrial source. The emission of Se may be 
associated to glass production [8].  
Factor 3 is coupled to a large dominance of K, Fe, Sb and some traces of Br. The variation of antimony is 
explained mainly by this factor. Sb is emitted by vehicle wear, namely brake lining wear [21]. The PCA study [1] 
associated Sb and Fe to industry and vehicle wear, whilst the MCTTFA study [2] relates Sb and Br to vehicle wear. 
Factor 4 exhibits a large dominance of Cr, K and Br, and explains the variation of this species. This factor also 
shows traces of Co, La and Sm. Cr, K, Br, Co and La are species commonly detected in paved road dust [21,22]. 
Almeida et al. [1] and Farinha et al. [2] did not report a separate factor for road dust. 
Factor 5 has high dominance of Na, K, Fe and Br, and explains most of the Na. This factor includes the 
contribution of sea salt as well as an unidentified source of Fe. This factor does not contribute significantly to 
explain the variation of Fe PCA [1] and MCTTFA [2] studies also detected a factor related to Na+ or Na. 
Factor 6 is coupled to a large dominance of Zn and Fe, and explains most of the variation of Zn. PCA study [1] 
suggested Zn is due to industry/vehicle wear. MCTTFA study [2] linked this pair of species to the iron/steel 
manufacture. The emission of Zn is coupled to other industrial processes such as coal and oil combustion, refuse 
incineration, production of phosphate fertilizers and cement production [23]. 
Factor 7 shows a high dominance of Fe and K and is the main responsible for explaining the variation of Fe, Sc, 
Sm and La. This is most likely a soil factor. PCA [1] also detected a soil factor associated to the same trace 
elements. MCTTFA [2] showed two soil factors: one was linked to Fe, Sc and La, and the other one to Sm. 
3.2. Coarse fraction 
For a SEED of 1 and a FPEAK of 0, the highest p value showing QRobust > QTheoretical was found to be 7. 
According to the graphical analysis of rotmat the optimal p value should occur between 3 and 5. The graphical 
analysis of QRobust / QTheoretical, IM and IS was not found to be useful to assess p values for this set of samples and 
species. After correction of uncertainties, the final number of factors (p)was 5 (SEED=1; FPEAK=0.4). In 20 
repeated runs no local minima were detected for this p value. Factor profiles and the Explained Variation of factors 
are shown in Figure 2.  
Before the correction of uncertainties, four elements (As, Br, Co and Zn) remained unexplained in the three 
factors solution (non-explained variation higher than 0.25). Raising the number of factors to 4 caused As and Br to 
become explained and raising to 5 enabled the explanation of Zn. Co remains unexplained in the solutions with p 
equal to 5, 6 and 7. Uncertainties of samples showing outliers of Co, Hf, Sb, Sm and Zn in the five factors solution 
were increased. This procedure allowed the explanation of Co in the solution with p = 7.  
Alike fine fraction, the comparison to PCA [1] and MCTTFA [2] results for coarse fraction is limited because the 
present study does not consider water-soluble ions and trace elements measured by PIXE (e. g.: Pb, Ni), as well as 
Ca, Cs and Ba. PMF resolves one factor less than PCA and two factors less than MCTTFA, but MCTTFA resolves 
two soil factors. 
Factor 1 shows high dominance of Fe, K and Na, and is the main responsible for explaining the variation of Sc, 
Sm, Th, Ce, La, Fe, K and Co. This is most likely a soil factor. PCA [1] also detected a soil factor associated to 
similar trace elements. MCTTFA [2] showed two soil factors: one was linked to Ce, La and K, and another one was 
linked to Sm. 
Factor 2 is related to Na, K, Fe and Br, and explains most of the Na. Probably this factor refers to the sea salt 
contribution. PCA [1] and MCTTFA [2] also detected a factor related to Na+ or Na. 
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Figure 2 – Factor profiles of the coarse fraction of particulate matter collected at Bobadela.  
 
Factor 3 is coupled to a large dominance of Zn, Fe, K and Na, and explains most of the variation of Zn. Alike fine 
factor 6, which is also associated to Zn and Fe, this may be an industrial factor. 
Factor 4 is associated to a large dominance of Fe, K, Na and Sb, but it explains mainly Sb and Hf. This factor 
shows traces of species commonly detected in paved road dust, including vehicle wear [20-22]. PCA [1] associated 
Sb, As, Na+ and Fe to industry and vehicle wear, whilst MCTTFA [2] related Sb, Co, As, Ce and Hf to the same 
sources.  
Factor 5 exhibits large dominance of K, Br, Zn and As, and explains the variation of Br and As. Species coupled 
to this factor may be found in the emissions of fuel oil combustion [20]. As combustion particles show small 
diameters, this factor may represent the resuspension source. PCA [1] related As and Br to fuel oil combustion, 
MCTTFA [2] linked Br to industry and vehicle wear.  
 
4. Conclusion 
PMF results show that trace elements in fine and coarse particulate matter collected in Bobadela derive from soil, 
sea, industry, vehicular exhaust, vehicular wear and road paved dust. The nature of the factors found in both PM10 
and PM2.5 fractions was similar. Results state the importance of different emission sources associated to roadways, 
but in most cases the model could not distinguish between different industrial sources. Comparing to previous 
receptor modeling studies conducted by using PCA [1] and MCTTFA [2], PMF resolved factors related to road 
paved dust, but tended to resolve less factors linked to industrial activity. These results need further investigation, 
namely by applying the same modeling technique to the same set of samples and species. 
PMF is a model that uses an inversely-weighted least squares methodology based on uncertainties and therefore 
PMF can handle missing and below detection limits data by adjusting the corresponding error estimates of these data 
points. Substitution of INAA values below detection limit by the geometrical mean produced a better fit than 
substitution by half of the detection limit. The obtained solutions are highly dependent on the definition of “correct” 
uncertainties. Therefore the proper estimate of uncertainties is vital to achieve a good solution and researchers must 
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pay special attention to this topic. If factors are found to be linear dependent, a possible strategy, besides rotating the 
solution, may be reducing the number of factors and the downweight of species related to such factors to promote 
merging of factors. Though there are several mathematical criteria that may help researchers to decide for the 
correction of uncertainties or discarding of species on one hand, and find the appropriate number of factors on the 
other hand, the ultimate decision is based on the physical significance of the solution that should be evaluated by the 
researcher. Though PMF is a promising tool, it still requires highly skilled researchers to use it, because the obtained 
solution will depend on several potentially subjective decisions made by the user. 
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